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Introduction
The positive effects of human capital are widely recognised in the economic literature. Accumulation of human capital is proved to be crucial for economic growth (see, among others, Hanushek and Kimko (2000) ; Krueger and Lindahl (2001); de la Fuente and Domenech (2006) ), and beneficial to individuals and societies. From the individual point of view, more educated people are more likely to have better labour market outcomes in terms of employability and wages (see the survey by Harmon et al. (2003) ), but they also experience better health, fertility, well-being, less probability of engaging in crime and other non monetary outcomes (see for example Lochner and Moretti (2004) and the survey by Grossman (2006) ). Moreover, education has wide spill-over effects, generating not only private, but also public benefits. Increasing education seems in fact to influence positively also social cohesion, citizenship, and political participation (Milligan et al., 2004) .
The effects of the distribution of educational attainment have in contrast not been so widely studied by the economic literature. Nevertheless, the way human capital is distributed across the population may also have important economic consequences, affecting for example income distribution (see Checchi (2004) ; De Gregorio and Lee (2002); Park (1996) ), and economic growth (see Lopez et al. (1998) ). However, the empirical evidence on this topic is still very scant, possibly due to the lack of crosscountry comparable data on educational inequality.
We have created an original dataset that provides cross-country measures of educational attainment and inequality, drawing on four international representative surveys (ess , and provides a wide set of indicators of educational attainment and educational inequality over several birth cohorts. In particular we observe 13 cohorts, aggregated at 5-years intervals, where the first cohort is made of individuals born between 1920 and 1924, and the last one includes people born between 1980 and 1984.
Our dataset presents some remarkable novelties compared to the existing datasets on educational attainment (e.g. Barro and Lee (1996 , 2001 , 2010 ; Cohen and Soto (2007) ). First of all, our data are organised by birth cohort rather than survey years. This allows to enlarge the period covered, as we have information from the beginning of the 20s, while existing datasets generally start from the 50s or 60s (see, for example, Barro and Lee (2010); Cohen and Soto (2007) ). Moreover, this approach allows to observe the evolution of educational attainment for individuals born in different periods, possibly characterized by distinct institutional features of the school systems and this is particularly useful for analyses of the determinants of educational outcomes. Since formal education occurs The dataset covers 31 countries, 25 EU members states (all EU members except Cyprus and Malta), plus other six sizeable oecd countries (Australia, Canada, Japan, Norway, Switzerland, United States)
Elena Meschi and Francesco Scervini mainly in early stage of life and remains invariant over the life cycle, a cohort approach seems more sensible in this case. Second, we use multiple sources to create the aggregate measures and this improves the robustness and reliability of the data. Third, our dataset presents three alternative (but complementary) measures of education.
Beside the standard variable on years of education completed, it also contains information on highest qualification achieved and on individual actual competences, that are considered better measures of individual human capital (Hanushek and Kimko, 2000; Hanushek and Woessmann, 2010) . Fourth, our measure of years of schooling is directly derived from microdata and therefore based on people's answers and not computed by imputation starting from the information on educational attainment that typically only distinguishes six or less categories (see Barro and Lee (2010) ). Finally, our dataset is the first one to provide information not only on educational level, but also on educational distribution, using a wide range of synthetic indices.
The aim of this paper is to explain the procedures implemented to generate the set of indices, describe the data sources, discuss some methodological issues, and check the consistency of the measures across different surveys.
In particular, section 2 describes the original measures of education used to create our statistics, and section 3 explains how we aggregate the individual data and mentions some selection rules adopted to increase the homogeneity of the sample. The four data sources are described in section 4 that also discusses methodological issues in each survey. Section 5 presents the entire set of variables included in our datasets. The consistency of our measures across surveys is analysed and commented in section 6.
A New Dataset of Educational Inequality
measures of educational attainment
Measuring education in an international context is not straightforward, due to the difficult comparability of educational data across countries. We shall use three widely used measures of education, each one presenting advantages and drawbacks.
First, we use an indicator of the duration of formal schooling, measured by the number of years of education. The main advantage of this variable is that years of schooling can be easily computed and compared across countries. On the other side, this measure refers only to the "quantity" of education, disregarding its effectiveness, both in terms of results and in terms of different careers and achievements. In other words, focusing on years of education does not allow to discern general/academic from vocational secondary schools, it does not consider the effective attainment of any certificate/diploma/degree and it misleadingly accounts for year repetitions. Therefore, one has to keep in mind that the same years of schooling may entail different amount of learning and heterogeneous quality in different countries. Because of these reasons, such a measure is intuitively rather bad in assessing the qualification achieved, but it is suitable to compute inequality indices. Indeed, even if it is not properly continuous, it spans from 0 to 25-30 years, depending on highest level educational institutions, with an acceptable level of variability.
The second measure is based on attainment levels, capturing the highest qualification achieved. The advantage of this variable with respect to years of education is that it accounts for different duration of analogous school cycles. Moreover the use of a categorical indicator also allows to specify the type of education completed (i.e. academic vs. vocational tracks, etc.) . On the other hand, a drawback of this measure is that it is a discrete categorization that disregards by definition intermediate cases, such as dropouts or partial attendance and furthermore, being a categorical variable, it performs poorly in generating aggregation statistics measuring inequality. Another important drawback of this measure in cross-country analyses is that levels, types and duration of specific educational programmes depend on the institutional structure of educational systems and, given the high degree of differentiation of educational systems across countries and over time, it is difficult to construct a classification of educational qualification that is valid and comparable internationally.
A common internationally harmonised measure of educational attainment is the International Standard Classification of Education (isced) developed by unesco 6 in 1976 and then revised in 1997 7 that aims at ranking and classifying individuals according to the maximum level of educational attained. isced should make it possible to 6 United Nations Educational, Scientific and Cultural Organisation 7
See unesco (2006); oecd (1999) readily draw a comparable picture of education distribution across countries, independently of the duration of cycles, the length of compulsory schooling, and the heterogeneous structure of vocational and academic tracks. In particular, the classification distinguishes seven levels of education ranging from pre-primary education to second stage of tertiary education. Mapping tables to link national educational programmes to these categories are available in oecd (1999), and eurostat (2005). However, although the international standards are clearly defined, it is sometimes problematic for countries to integrate these standards with the national systems. In fact, as pointed out by Eurydice studies
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, not all school systems find univocal correspondence to isced: among European countries, for instance, many Nordic and Eastern countries9 do not distinguish institutionally between primary and lower secondary levels, so that there is no distinction between isced level 1 and isced level 2. In other countries it is difficult to differentiate between isced 3 and 4 because the certificates awarded are the same, and just the pathway taken differs; the distinction between isced 4 and isced 5 is also not straightforward in countries with a unitary university structure that does not separate vocational and academic/professional tertiary studies (see Schneider (2007 Schneider ( , 2009 Schneider ( , 2010 ) for a detailed discussion of these problems). Moreover, information on isced levels are not directly asked to individuals when collecting data surveys, but they are derived from the answers they provide to country-specific questions. It may happen, therefore, that national questionnaires include less than 7 categories for educational attainment (this is the case, for instance, in most of the waves of issp), or that they do not separate vocational from academic schools. Furthermore, even if national questionnaires are detailed enough, it is still possible to observe mistakes in the assignment of national educational programmes to isced categories. In fact, Schneider (2007 Schneider ( , 2010 studied the implementation of isced in ess and showed that, in many cases, the national teams did not follow the definitions established by unesco and oecd and different classification decisions were taken with respect to similar educational programmes in different countries
In order to reduce measurement error due do imprecise coding, we create a simplified version of isced, that eliminates some controversial distinctions and includes four category only (isced4 hereafter). 
Data aggregation and selection rules
After having selected variables on individual education from the four surveys (see section 4 for details), we aggregate the data by countries and birth cohorts and generate the synthetic indices of educational attainment and inequality described in the next section. We construct a pseudo panel, exploiting cohorts of birth as time dimension. Since education occurs mainly in early stage of life, formal education is unchanged over the life cycle of every individual out of the schooling system. The more immediate consequence of this observation is that yearly variation in statistics on education are mainly due to the difference between the very low fraction of individuals who exit the education system in the meanwhile and the even lower fraction of individuals who eventually died.
Therefore observing the education pattern over cohorts is much more variable and informative. Another advantage of focusing on cohorts rather than survey years is that we can pull the different surveys' waves together, thus increasing the sample size for each country. In particular we create 13 cohorts at 5-years intervals. The first cohort (see table 4 ).
In order to generate a meaningful and comparable set of indicators, we put some effort in selecting the most suitable observations, by trimming the sample over two dimensions in all the considered datasets: first of all, we exclude all individuals aged less than 25. The rationale behind this choice is to exclude individuals who did not complete their study at the time of the survey. This is a source of great disturbances, since demographic trends could heavily affect the results as far as the share of young individuals still enrolled in formal schooling lowers the level of education and increases its dispersion. We choose 25 years as a threshold as this is the standard definition of the beginning of adult age according to most of the literature in the field (see for instance Barro and Lee (2010) ). Second, we drop individuals reporting an amount of education over 30 years, assuming that it is the highest reasonable duration of a complete educational career, starting at 5-6 years of age and ending with a Ph.D., and that additional years of education do not reflect real improvements but either misreported data or repeated years.
In principle, there is a window of individuals older than 25 and with less than 30 years of education who are in the sample even if still enrolled in tertiary education. Such individuals should in principle be excluded, but since it is not possible to discern whether they are still in education, we are forced to include them in our sample. However, the share of such individuals is so little that it is not expected to significantly affect the results. ess provides educational attainment country-specific format, we were able to correct for misclassifications of country-specific variables into isced, using the guidelines provided in Eurydice, oecd and following suggestions in Schneider (2007, 2009, 2010) .
european union Statistics on Income and Living Conditions (eu-sIlc)
The European Union Statistics on Income and Living Conditions (eu-silc) 11 is a collection of timely and comparable multidimensional microdata covering EU countries plus Iceland and Norway.
eu-silc is a project developed by eurostat, run yearly since 2004 and including both cross-section and longitudinal surveys. Since we use birth cohorts as time dimension and since education is time-invariant, we are interested only in the cross-sectional element. Unfortunately, opposite to other surveys, for eu-silc we cannot pull all the waves together, because even cross-sectional data contain a longitudinal dimension, and it is not possible to detect repeated observations in different cross-section files. This means that merging different waves would result in including some individuals up to four times. Therefore we had to select only one wave and, among the five available cross-sections, we chose the 2008 wave, be-cause it includes the largest number of countries and observations, and it is also the most recent available.12
The main advantages of eu-silc consist in the wide country coverage (all eu-27 countries (plus Iceland, Norway and Switzerland) and the large sample size within each country. The number of individuals in each country is in fact substantially higher than that in ials and ess and similar to that in issp, which is collected using repeated waves (see section 4.4). Therefore in eu-silc, no cohorts are excluded either because of the low number of observations or because of consistency issues. However, there is also a major shortcoming in the data: there is no information on years of schooling, so that we can only compute statistics on the highest level of education attained.
International Adult Literacy Survey (IAls)
The International Adult Literacy Survey (ials) is a survey collecting information on adult literacy in various countries, with the aim of comparing literacy levels across countries. The survey was coordinated by Statistics
Canada and it was implemented in different years -1994, 1996, 1998 - were collected in late 90s, the youngest cohort included in our dataset is the 1970-1974 cohort, available for ten countries only. Moreover, because of the small sample size for most countries, the first two cohorts (1920-1924 and 1925-1929) include only Netherlands and Sweden.
The central element of the survey is the direct assessment of the literacy skills of respondents, but the background questionnaire also includes several information on individual socio-demographic characteristics. Regarding education, the survey contains the standard question on the number of years of formal education completed and the highest level attained. We can therefore use these questions to create all the indices described above.
12 As in November 2010, data relative to 2008 are available for all countries apart from France, for which we used data in eu-silc 2007. 13 Canada is not included in our dataset since there are no informations available on the year of birth, which makes it impossible to generate cohorts. 14 France decided to withdraw from the study in November 1995, citing concerns over comparability and it is therefore not included in the dataset. 15 Data for Australia are not included in the main ials dataset, and are available only through the Australian Bureau of Statistics, for confidentiality reasons.
A New Dataset of Educational Inequality Even if issp does not focus specifically on education and the main topic changes every year, its characteristics make it very attractive for analysing in details the evolution of average years of schooling: data on education are obtained by the personal characteristics section, which is included in every survey and contains information on two of our three dimensions, namely years of education and attainment. However, only the former is exploitable, since it is not subject to recoding or rescaling and is therefore absolutely comparable both cross-country and over time.
Opposite, attainment is virtually impossible to be analysed, since the coding changed several times both across countries and over time, making the harmonisation very challenging, since it would require comparing answers from almost 400 different datasets. Since issp is not coordinated by European Union agencies, the survey also includes non-European countries, such as Japan, Australia, Canada. Second, datasets were compared across waves, in order to detect possible data inconsistencies. Over 357 datasets remaining, we detected evident data inconsistency only for France 1999, in which the average level of years of education was 6 years higher than both previous and subsequent waves, due to some kind of measurement error (years of education takes an unrealistic minimum value of 10). Moreover, we also exclude datasets for Bulgaria, Canada, Germany and Spain in 1999, since data on years of education were missing for all individuals. In addition,
we also exclude all observations for United Kingdom and United States because data were unfortunately bottom- Table 2 summarises the measures of education chosen from the four surveys. While the variable on years of education is available and reliable in ess, ials and issp, the information on the highest qualification achieved is only available in ess, ials and eu-silc. Finally, competences are only included in ials, which was specially designed to test adults' skills. 
Summary

Competences x
Overall, we have information on 31 countries, most of which are European and covered in all the surveys, as reported in Table 3 . Extra-European countries are available in ials (e.g United States) or issp (e.g. Japan and Australia only).
18 However, the number of countries covered in each survey is not constant across cohorts. For some countries, the number of observations for some cohorts (typically the first or the last ones) is lower than 50 and we decided to exclude these cells in order to avoid to calculate imprecise statistics based on small sample sizes. Table   4 reports the number of countries covered in each survey for the different cohorts. 17 Australia 1993; Austria 1987 , 2001 , 2003 , 2007 , Bulgaria 1996 , 1998 , 2004 Canada 1998 , 2000 , 2003 , 2005 , Ireland 1990 , 1995 , 2004 , 2005 , 2007 Italy 1990; Latvia 2002 Latvia , 2006 Netherland 2003; Poland 2003; Portugal 2003 Portugal , 2005 Slovak Republic 2007; Slovenia 1993 Slovenia , 1999 Slovenia , 2001 Switzerland 1996 Switzerland , 2004 United States 2005. 18 Given the relative homogeneity of education data across surveys, we could have potentially merged observations from different surveys and calculated a unique summary statistics. However, since the four surveys contain different individual weights, it would have been difficult to compute aggregate measures representative of the real population and we therefore decided to keep the datasets separate.
A New Dataset of Educational Inequality 
Variables
For each country and cohort, we calculate different measures of educational level and several indices of dispersion. All the statistics presented in the dataset have been computed using survey weights, which allow to make inference on the whole population. Educational levels are measured using the following statistics:
• Weighted average:
However, the number of countries covered in each survey is not constant across cohorts. For some countries, the number of observations for some cohorts (typically the first or the last ones) is lower than 50 and we decided to exclude these cells in order to avoid to calculate imprecise statistics based on small sample sizes. Table 4 reports the number of countries covered in each survey for the different cohorts.
For each country and cohort, we calculate different measures of educational level and several indices of dispersion. All the statistics presented in the dataset have been computed using survey weights, which allow to make inference on the whole population.
Educational levels are measured using the following statistics:
, where x is either years of education or skills, f is the weight and i denotes the N individuals in the population;
18 Given the relative homogeneity of education data across surveys, we could have potentially merged observations from different surveys and calculated a unique summary statistics. However, since the four surveys contain different individual weights, it would have been difficult to compute aggregate measures representative of the real population and we therefore decided to keep the datasets separate.
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individuals in the population;
• Percentages P of individuals who completed at least each isced level:
• Percentages of individuals who completed at least each isced level:
Educational inequality is measured computing the following set of dispersion indices based on years of education and competences. These measures have been frequently used for income and consumption, but very few studies have calculated them on education (see for example Checchi (2004) and Thomas et al. (2001) ). One point that is worth mentioning is that the cardinality of the two measures (years of education and competences) is not theoretically doubtless (is a child obtaining a score 400 twice as competent as a child obtaining 200? Does a year of university give the same education as a year of primary school?). However, we disregard this issue here, since there are no generally agreed means to overcome this problem.
In particular, we derived the following set of inequality measures comparable across countries and over time (see Cowell (2009) for an exhaustive treatment of inequality indices and their properties):
, a "standardised" measure of the variance of a variable;
• Coefficient of variation: cv x = σx µx , the standard deviation normalised by the mean;
, ∀i, j ∈ N , the most used inequality index in the literature;
• Generalized entropy family:
, a set of indices separable and bounded between zero and one. Opposite to the more widely used Gini index, these indices allow to perfectly decompose total inequality in "within" and "between" group inequality. Among all the possible values of α, we choose the more frequently used:
, introduced by Theil (1967) and extensively described among others by Conceicao and Ferreira (2000) , -Mean logarithmic deviation (MLD), with α = 0:
, analogous to the Theil index, but characterized by a lower sensitivity index;
, 2), a measure that allows different sensitivities to transfers to the low tail of the distribution. The formula above simplifies as follows:
• Standard deviation
-Theil index, with α = 1:
• Coefficient of variation:
, the standard deviation normalised by the mean;
• Gini index:
, the most used inequality index in the literature
− 1 , a set of indices separable and bounded between zero and one. Opposite to the more widely used Gini index, these indices allow to perfectly decompose total inequality in "within" and "between" group inequality. Among all the possible values of α, we choose the more frequently used:
, introduced by Theil (1967) and extensively described among others by Conceicao and Ferreira (2000) , 
, a set of indices separable and bounded between zero and one. Opposite to the more widely used Gini index, these indices allow to perfectly decompose total inequality in "within" and "between" group inequality. Among all the possible values of, we choose the more frequently used:
• Theil index, with
, introduced by Theil (1967) and extensively described among others by Conceicao and Ferreira (2000),
• Mean logarithmic deviation (MLD), with
• Atkinson indices:
-Theil index, with α = 1: T x = N i µ ln µ , introduced by Theil (1967) and extensively described among others by Conceicao and Ferreira (2000),
-Mean logarithmic deviation (MLD), with α = 0:
where µ h is the harmonic mean.
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, a measure that allows different sensitivities to transfers to the low tail of the distribution. The formula above simplifies as follows:
where µ h is the harmonic mean. 12 where -Theil index, with α = 1:
is the harmonic mean.
• Deciles (pc10, pc20 to pc90) and quartiles (pc25, pc50, pc75), in order to give an intuition of the shape of underlying distribution and to allow the readers to build interdecile ratios.
Consistency of measures across surveys
Finally, we check the consistency of the aggregate measures of educational attainment and educational inequality across the surveys.
Graphs in Appendices plot for each variable the measure obtained using the different data sources. Each point in the graph corresponds to a specific cell (country and cohort), calculated using the survey indicated in the axes and the 45 degree line represents the perfect equality of the computed measures.
If we look at figure 1 that analyses the consistency of the average years of schooling, we notice that we managed to achieve a good consistency across surveys, as all the points are substantially aligned around the 45 degree line. The same consideration applies to all the statistics based on years of schooling (see figures 2 to 20) which seem to be consistent across different data sources. An exception is the standard deviation of years of education which turns out to be fairly different in the three surveys, but this is not surprising since this variable is not normalised by the mean and it is likely to be affected by the different sample size. Therefore we can conclude that the measures of dispersion calculated on years of education are consistent and robust to the use of different sources of microdata, which proves their good reliability.
As far as attainment levels are concerned, the aggregate measures seem to be more dependent to the surveys used to generate the statistics. This evidence confirms the difficult cross-country comparability of educational attainment, whose categorisation depends on the specific institutional features of national school systems. Even if an internationally harmonised measure has been used, the classification of educational levels may still be subject to some measurement error. On the contrary, years of schooling can be easily computed and compared internationally and indeed the indicators of educational levels and inequality based on this simple measure appear to be fairly consistent across surveys.
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